Abstract: The present study aimed at testing the hypothesis that application of multiscale cross-approximate entropy (MCAE) analysis in the study of nonlinear coupling behavior of two synchronized time series of different natures [i.e., R-R interval (RRI) and crest time (CT, the time interval from foot to peakof a pulse wave)] could yield information on complexity related to diabetes-associated vascular changes. Signals of a single waveform parameter (i.e., CT) from photoplethysmography and RRI from electrocardiogram were simultaneously acquired within a period of one thousand cardiac cycles for the computation of different multiscale entropy indices from healthy young adults (n = 22) (Group 1), upper-middle aged non-diabetic subjects (n = 34) (Group 2) and diabetic patients (n = 34) (Group 3). The demographic (i.e., age), anthropometric (i.e., body height, body weight, waist circumference, body-mass index), hemodynamic (i.e., systolic and diastolic blood pressures), and serum biochemical (i.e., high-and low-density lipoprotein cholesterol, total cholesterol, and triglyceride) parameters were compared with different multiscale entropy indices including small-and large-scale multiscale entropy indices for CT and RRI [MEI SS (CT), MEI LS (CT), MEI SS (RRI), MEI LS (RRI), respectively] as well as small-and large-scale multiscale cross-approximate entropy indices [MCEI SS , MCEI LS , respectively]. The results demonstrated that both MEI LS (RRI) and MCEI LS significantly differentiated between Group 2 and Group 3 (all p < 0.017). Multivariate linear regression analysis showed significant associations of MEI LS (RRI) and MCEI LS (RRI,CT) with age and glycated hemoglobin level (all p < 0.017). The findings highlight the successful application of a novel multiscale cross-approximate entropy index in non-invasively identifying diabetes-associated subtle changes in vascular functional integrity, which is of clinical importance in preventive medicine.
Introduction
The World Health Organization has identified cardiovascular and cerebrovascular diseases as the top two global killers. The development of such "non-communicable diseases" is attributable to chronic metabolic anomalies, including hyperglycemia, hyperlipidemia, and hypertension, that require early detection and timely intervention [1] . In addition to commonly available non-invasive monitoring parameters such as heart rate, blood pressure, and electrocardiogram (ECG), more sophisticated and accurate indicators of changes in microvascular blood flow are needed for guiding lifestyle modifications before the development of overt diseases [2] . Aged and hypertensive subjects were first reported to show carotid arterial pulsations different from those of healthy individuals over five decades ago [3] . A decade later, analog and electrical arterial pulsation signals were found to be consistent, thereby validating non-invasive means of arterial stiffness analysis using waveform contour [4] . A large-scaled study later demonstrated age-related differences in arterial waveform contour [5] . With the advancement of electronic technology, photoplethysmography (PPG) has become a popular means of acquiring "digital volume pulse" (DVP) that accurately reflects peripheral microvascular blood flow. Changes in DVP have been reported under physiological [6] and pathological [7] conditions. Apulse wave is a complex physiological signal composed of systolic and diastolic components. The former arises mainly from aforward-going pressure wave transmitted from the left ventricle to the recording site (i.e., finger), while the latter arises mainly from pressure waves transmitted along the aorta to small arteries in the lower body, from where they are reflected back along the aorta as a reflected wave that travels to the finger. Reduced compliance of the elastic arteries shortens the time of return of the 'reflected wave', causing a disproportionate elevation in systolic pressure [8] . On pulse wave analysis, such an interaction between the incident pulse wave that travels from the heart to the periphery and the reflected pulse wave from the periphery to the central region can beevaluated and expressed as the "augmentation index". Besides, increased central arterial stiffness and/or peripheral reflectance is related to an increased propagation speed of waves and proximal shifting of the reflection point in the arterial tree, thereby enhancing the interaction between the incident and reflected waves [9] . Crest time (CT), which is the time interval from foot to peak of a pulse wave, has been found to be a consistent parameter markedly increased in the elderly with arteriosclerosis [10] .
R-R interval (RRI) from ECG, which is the time between two successive ventricular depolarizations, has been widely applied in the evaluation of autonomic neural activities [11] [12] [13] . On the other hand, CT (i.e., when the derivative is equal to zero)has been shown to be a consistent parameter significantly increased in the aged population with arteriosclerosisand could be used for cardiovascular disease classification [14] . While RRI represents changes in electrical activities, CT reflects the actual peripheral microvascular hemodynamic changes. The concept of multiscale allows viewing of the complexity of a set of data from different angles by organizing adjacent data into groups of different sizes (i.e., coarse-grained modeling). The clinical application of multiscale entropy (MSE) in RRI data sets to differentiate patients with congestive heart disease and atrial fibrillation from healthy individuals was first reported in 2002 [15] [16] [17] . Based on this concept, the use of MSE for CT data analysis has also been found to differentiate among young, aged, and diabetic subjects [18] . Although MSE analysis on single waveform contour parameters (i.e., amplitude, time between systolic and diastolic peaks, CT, and pulse wave velocity) have been used to gain a deeper insight into vascular status [18] [19] [20] , another set of MSE-based indices have been developed after taking into account two synchronized sets of data (i.e., amplitudes from bilateral fingers, time between R wave on ECG and waveform peak from finger, time between R wave and foot point of a waveform) to further reflect vascular health [21] [22] [23] . The aim of the present study is to test the hypothesis that the application of multiscale cross-approximate entropy (MCAE) analysis in the study of nonlinear coupling behavior of two synchronized time series of different natures (i.e., RRI and CT) could yield information on complexity related to diabetes-associated vascular changes.
Methods

Study Population
Between July 2009 and March 2012, 95 volunteers were originally enrolled for this study. All diabetic patients were recruited from the diabetes outpatient clinic of the Hualien Hospital, while healthy controls were from a health screening program at the same hospital. Of the 95 subjects, fivewere excluded due to incomplete or unstable waveform data acquisition. The remaining 90 subjects were then divided into three groups, including healthy young subjects (Group 1, age range: 18-40, n = 22), healthy upper middle-aged subjects (Group 2, age range: 41-80, n = 34), type 2 diabetic patients (Group 3, age range: 41-80, n = 34, glycosylated hemoglobin (HbA1c) ≥6.5%) (Table 1 ) [24] . All healthy subjects had no personal or family history of cardiovascular diseases. Type 2 diabetes was diagnosed by either a fasting blood sugar concentration ≥126 mg/dL or HbA1c ≥6.5%. All diabetic patients received regular treatment and follow-up in the clinic for over two years. The study was approved by Institutional Review Board (IRB) of Hualien Hospital. All subjectswere required to refrain from caffeine-containing beverages and theophylline-containing medications for at least 8 h before each hospital visit. All subjects signed informed consents for the study, completed questionnaires on demographic data and medical histories, and underwent blood sampling before data acquisition. 
Study Protocol
A single waveform parameter (i.e., CT) and cardiac electrical parameter (i.e., RRI) were obtained from all subjects. MSE analysis was performed on the acquired data of CT and RRI from scale 1 to scale 6 to obtain multiscale entropy index for CT and RRI [i.e., MEI(CT) and MEI(RRI)], respectively. Cross approximateanalysis on CT and RRI was performed also from scales 1 to 6 to obtain multiscale cross-approximate entropy index (MCEI). Mean values from scales 1 to 3 were defined as small scale (SS), whereas those from scales 4 to 6 were defined as large scale (LS). The associations of the computational parameters thus obtained [i.e., MEI SS (CT), MEI LS (CT), MEI SS (RRI), MEI LS (RRI), MCEI SS , MCEI LS ] with the demographic (i.e., age), anthropometric (i.e., body height, body weight, waist circumference, body-mass index), hemodynamic (i.e., systolic and diastolic blood pressures), and serum biochemical (i.e., high-and low-density lipoprotein cholesterol, total cholesterol, and triglyceride) parameters of the three groups of testing subjects were analyzed and compared.
Data Acquisitionand Analysis
All subjects were allowed to rest in a supine position in a quiet, temperature-controlled room at 25 ± 1 • C for 5 min before another 30 min of measurement. Blood pressure was obtained once over the left arm in supine position using an automated oscillometric device (BP3AG1, Microlife, Taibei, Taiwan) with a cuff of appropriate size, followed by collection of data on left index finger waveform using six-channel ECG-pulse wave velocity (PWV) as previously reported [19] . Briefly, the six-channel ECG-PWV system was used for left index finger waveform measurement [7] . Infrared sensors were put on the points of reference simultaneously to acquire data. ECG was obtained using the conventional method. After being processed through an analog-to-digital converter (USB-6009 DAQ, National Instruments, Austin, TX, USA) with a sampling frequency of 500 Hz, the digitized signals were stored in a computer for later analysis. The digital volume pulses (DVPs) were recorded by photoplethysmography, the methodology and the devices of which have been previously reported [19] . We used DVP from the fingertip for waveform contour analysis. The systolic peak and foot point were extracted from the contour of the DVP. The crest time (CT) was the time interval between foot and systolic peak of a pulse wave [10] . 
MSE and MCAE Analyses
A. Detrending, Normalization, and Coarse-Graining Acquisition of synchronized RRI and CT signals from 1000 consecutive cardiac cycles gave RRI series {RRI(i)}= {RRI(1), RRI(2), . . . , RRI(1000)} and CT series {CT(j)}= {CT(1), CT(2), . . . , CT(1000)}, respectively, for the purpose of the present study. Due to a trend within physiological signals, non-zero means may be included. Therefore, empirical mode decomposition (EMD) [25] was adopted to deconstruct the {RRI(i)}and {CT(j)} series, thereby eliminating the trend from the original series. The detrending process consists of decomposing the acquired signals into different intrinsic mode functions (IMFs) which are extracted level by level. First, the highest frequency local oscillations on the corresponding lower frequency part of the data are extracted. The procedure is followed by the extraction of the next level highest-frequency local oscillations of the residual of the data. The process then continues until no complete oscillation can be noted in the residual, which can be considered to be the trend of the original signals in general [26] . Using adaptive decomposition computation of EMD, the number of decomposition levels depends on the length of sampled data [27] . For the present study, a cut-off frequency of around 0.001 Hz was adopted. The {RRI(i)} and {CT(j)} series was then normalized, as shown in (1) . In these equations, SD RRI(i) and SD CT(j) represent the standard deviations of series {RRI(i)}and {CT(j)}, respectively. RRI(i) denotes the mean of the {RRI(i)} series, while CT(j) represents the mean of the {CT(j)} series:
The use of a scale factor τ (τ = 1, 2, 3, . . . , n), which is selected according to a 1-D series of consecutive cycles, is mandatory for multiple analysisto enable the application of a coarse-graining process in order to derive a new series prior to the computation of entropy in each new individual series [15] .With this approach, coarse-graining on the normalized 1-D consecutive cycles of the RRI (i) and CT (j) series based on scale factor τ can be performed to obtain the series RRI (τ) and CT (τ) as shown in (2):
Hence, different multiscale entropy indices and the multiscale cross-approximate entropyindices can be calculated.
B. Computation of MEI for RRI and CT
To assess the complexity of RRI (i) and CT (j) series based on scale factor τ series, sample entropy was used for multiscale analysis [28] . The results of sample entropy between scale factors 1 and 3 were defined as small scales, and those between scale factors 4 and 6 were defined as large scales. The mean of sample entropy in small scales of RRI (i) and CT (j) series was defined as MEI SS (RRI) vs. MEI SS (CT), while the mean of sample entropy in large scales of RRI (i) and CT (j) series was defined as MEI LS (RRI) vs. MEI LS (CT).To ensure efficiency and accuracy of calculation, the parameters of this study were set at N = 1000, m = 2, and r = 0.15 multiplied by the standard deviation of the time series of RRI (i) and CT (j) .
C. Computation of MCEI for Synchronized RRI and CT Signals
Cross-approximate entropy (XApEn) is a refined approximate entropy approach to complexity analysis for the investigation of two sets of synchronized physiological signals [29] . To study the physiological complexity of the acquired signals, XApEn for each time scale was computed using RRI (τ) and CT (τ) time series after the coarse-graining process for Equation (2) . The details of the whole algorithm for obtaining the multiscale cross-approximate entropy index (MCEI) are as follows [21] [22] [23] :
Step 1. For a given m and two sets of m-vectors:
Step 2. Define the distance between the vectors x(i) and y(j) as the maximum absolute difference between the correspondingelements in RRI (i) and CT (j) as follows:
Step 3 
Step4. Average the logarithm of (5) over i to obtain ∅ m RRI,CT (r) as follows:
Step 5. Increase m by 1 and repeat Steps 1-4 to obtain C m+1
RRI,CT (r).
Step 6. Finally, for N-point data, the estimate is:
where m represents the chosen vector dimension, r represents a tolerance range, and N is the data length. From Pincus's study, in order to effectively distinguish two data series by cross-approximate entropy, it would be better to set N ≥ 1000, m ≥ 2, and r ≥ 0.1 [30] . To ensure efficiency and accuracy of calculation, the parameters of this study were set at N = 1000, m = 3, and r = 0.6 multiplied by the standard deviation of the time series of {RRI'(i)} and {CT'(j)}.
Repeat Steps 1-6 to calculate the MCEI in scales 1-6. The values of XApEn (RRI, CT) were obtained from a range of scale factors between 1 and 6. The mean values of XApEn (RRI, CT) between scale factors 1 and 3 were defined as small scales in (8) . The mean values of XApEn (RRI, CT) between scale factors 4 and 6 were defined as large scales in (9):
Statistical Analysis
The average values are expressed as mean ± SD. Normality of distribution was tested with one sample Kolmogorov-Smirnov test and the homoscedasticity of variables was verified using the R Language software. The significance of difference in anthropometric, hemodynamic, and computational parameters (i.e., MEI SS (RRI), MEI LS (RRI), MEI SS (CT), MEI LS (CT), MCEI SS , and MCEI LS ) among different groups was determined using independent sample t-test with Bonferroni correction. The correlation between parameters and risk factors for different groups was compared using Pearson correlation test with Bonferroni correction. For significant parameters acquired through univariate analysis, multivariate regression analysis was used for further verification of the statistical significance. Statistical Package for the Social Science (SPSS, version 14.0 for Windows, SPSS Inc., Chicago, IL, USA) was used for all statistical analyses. Statistical significance was determined using p value corrected as shown at the end of each figure and table in the Results section.
Results
MSE Analysis on Single Waveform Contour Cardiovascular System-Related Parameters (RRI and CT)
MSE analysis of CT series of the three groups of participants showed that, although the three groups tended to separate from scale 2 onwards, there was no statistically significant difference among the three groups ( Figure 2a , Table 2 ). For sample entropy of RRI, although the three groups appeared to be separated from scale 1 onwards, significant difference between Group 1 and Group 2 was noted only at scale 2. By contrast, Group 3 had significantly lower sample entropy compared to that of Group 1 and Group 2 from scale 3 onwards ( Figure 2b , Table 2 ). 
MultiscaleCross-Approximate Entropy Analysis of Synchronized RRI and CT Time Series
MCAE analysis of synchronized RRI and CT series of the testing subjects using cross-approximate entropy demonstrated a unanimous decrease in all groups from scale 1 to scale 4 ( Figure 3 ). Significant differentiation among the three groups was noted at scales 4 (p < 0.017). While Group 1 had the highest cross-approximate entropy at scale 4, Group 3 had the lowest cross-approximate entropy at scale 4, 5, and 6 ( Figure 3 , Table 2 ). Comparison of multiscale entropy indices for crest time and R-R interval at different time scales [i.e., MEI(CT), MEI(RRI), and MCEI(CT,RRI)] among the testing subjects showed no significant difference among the three groups in MEI for CT (Table 2) . On the other hand, small-scale MEI for RRI [i.e., MEI SS (RRI)] successfully differentiated Group 2 from Group 1 at time scale 2 ( Figure 2a) . As a whole, MEI SS (RRI) was significantly lower in Group 2 than that in Group 1 ( Table 2) . By contrast, MEI for RRI of Group 3 was significantly lower than that in Group 2 at scale 3, 4, 5, and 6. Consistently, large-scale MEI for RRI [i.e., MEI LS (RRI)] was significantly lower in Group 3 than that in Group 2 (p < 0.001). As for cross-approximate entropy index for synchronized RRI and CT time series [i.e., MCEI(RRI,CT)], it is interesting to find that there were significant differences among the three groups at scale 4. On the other hand, large-scale MCEI [i.e., MCEI LS (RRI,CT)] was significantly lower in Group 3 than that in Groups 1 and 2 ( Table 2 ).
Correlations of Different Multiscale Entropy Indices with Demographic, Anthropometric, Hemodynamic, and Serum Biochemical Parameters in the Testing Subjects
To study theassociations of different multiscale entropy indices [i.e., MEI SS (CT), MEI LS (CT), MEI SS (RRI), MEI LS (RRI), MCEI LS (RRI,CT), MCEI SS (RRI,CT)]with demographic, anthropometric, hemodynamic, and serum biochemical parameters in non-diabetic subjects, healthy young individuals (Group 1) and upper middle-aged non-diabetic subjects (Group 2) were investigated (Table 3) . Total cholesterol levelwas found to be negatively associated with MEI LS (RRI) (p = 0.003). Table 3 . Correlations of different multiscale entropy indices with demographic, anthropometric, hemodynamic, and serum biochemical parameters in young healthy individuals (Group 1) and non-diabetic upper middle-aged subjects (Group 2) (n = 56). To investigate the correlations of different multiscale entropy indices with demographic, anthropometric, hemodynamic, and serum biochemical parameters inupper middle-aged subjects, upper middle-aged non-diabetic (Group 2) and diabetic (Group 3) subjects were studied together (Table 4) . Body weight was found to be negatively associated with MCEI LS (RRI,CT) (p < 0.017). Besides, waist circumference was negatively related to MEI LS (CT), MEI LS (RRI), and MCEI LS (RRI,CT) (all p < 0.017). By contrast, pulse pressure was positively correlated with MCEI SS (RRI,CT) (p < 0.017). On the other hand, MEI LS (RRI) was negatively associated with glycated hemoglobin (HbA1c) level and fasting blood sugar concentration (both p < 0.017) ( Table 4) . When both age and diabetes were taken into account by taking all three groups of testing subjects into consideration (Table 5) , MEI SS (RRI), MEI LS (RRI), and MCEI LS (RRI,CT) were found to be negatively associated with age in a highly significant way (all p < 0.005). Moreover, negative correlations were also noted between body weight and MEI SS (CT) (p < 0.017). While waist circumference was negatively correlated with all multiscale entropy parameters except MCEI SS (RRI,CT), body-mass index was negatively associated with MEI SS (RRI), MEI LS (RRI), and MCEI LS (RRI,CT) (all p < 0.017). On the other hand, glycated hemoglobin levelwas negatively associated with MEI LS (CT), MEI SS (RRI),MEI LS (RRI), andMCEI LS (RRI,CT), while fasting blood sugar levels were negatively associated with MEI SS (RRI), MEI LS (RRI),and MCEI LS (RRI,CT) (all p < 0.017).Both sugar control parameters were highly significantly correlated withMEI LS (RRI) and MCEI LS (RRI,CT) in a negative fashion (all p < 0.005). Table 5 . Correlations of different multiscale entropy indices with demographic, anthropometric, hemodynamic, and serum biochemical parameters in healthy young adults (Group 1), upper middle-aged non-diabetic subjects (Group 2) and diabetic patients (Group 3) (n = 90). 
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Multivariate Analysis for MEI LS (CT), MEI LS (RRI), and MCEI LS (RRI,CT)
The three multiscale entropy indices found to be significantly associated with the demographic, anthropometric, hemodynamic, and serum biochemical parameters of the testing subjects using Pearson correlation test (Table 5) were MEI LS (CT), MEI LS (RRI), and MCEI LS (RRI,CT) for which multivariate analysis was performed. The results showed significant associations of MEI LS (RRI), and MCEI LS (RRI,CT) with age and glycated hemoglobin level in all subjects as a whole without focusing on the effects of age and diabetes (all p < 0.05) ( Table 6 ). 
Discussion
Taking into consideration the clinical implications of non-invasive indices including digital volume pulse (DVP) from photoplethysmography [6, 7] and R-R interval (RRI) from electrocardiogram [11] , the present study tested the value of a multiscale entropy index utilizing two synchronized sets of non-invasively acquired physiological data [i.e., MCEI(RRI,CT)] in discerning the adverse impacts of systemic conditions (i.e., age and diabetes) on vascular health in a clinical setting.
Our results demonstrated a unique property of the novel index in identifying diabetes-associated changes in vascular condition in human subjects.
In 2002, Peng et al. first described the application of multiscale entropy in the analysis of R-R interval from electrocardiogram to differentiate healthy individuals from those with congestive heart failure and atrial fibrillation who were found to have significantly reduced signal complexity [15] . To evaluate the impact of age and a systemic disease (i.e., diabetes) on vascular health, the current study attempted to adopt different multiscale entropy indices to identify the one that could best reflect the influences of such systemic conditions. Previous studies have demonstrated that small-scale multiscale entropy represents autonomic nervous activity, whereas large-scale multiscale entropy reflects vascular regulatory function [28, 31] . In the present study, MEI SS (RRI) identified age-related vascular changes by significantly differentiating between young (Group 1) and healthy upper middle-aged (Group 2) subjects (p = 0.015) ( Table 2 ). Since small scales (i.e., scale 1 to 3) reflects autonomic nervous control of the cardiovascular system in the present setting, the finding of reduced MEI SS (RRI) in Group 2 suggests significantly elevated resting sympathetic tone in Group 2 compared to that in Group 1. The results is supported by a previous study showing an increase in resting sympathetic outflow with age [32] . In addition, our results demonstrated consistent and significant reductions of MEI LS (RRI) in upper middle-aged individuals with diabetes (Group 3) compared to those without (Group 2) ( Table 2) , highlighting its ability to identify diabetes-associated vascular changes. The finding is consistent with the fact that diabetes impairs vascular structural integrity [33] . On the other hand, MEI LS (RRI) failed to detect age-related vascular changes (i.e., between Group 1 and Group 2), underscoring its limitation in this aspect.
The physiological significance of the application of multiscale cross-approximate entropy (MCAE) analysis in this study is the identification of subtle differences in age-and diabetes-associated vascular changes by comparing the degree of nonlinear coupling between two related synchronized time series. While RRI stands for the electrical component of cardiovascular activities, CT represents the mechanical component. It has been documented that, although age and diabetes are both systemic conditions adversely affect vascular integrity, the mechanisms are different. While aging is known to cause arterial medial degeneration involving increase in collagen and calcium deposits as well as elastin lamellae fragmentation resulting from upregulation of proteolytic enzymes and possible repetitive cyclic stress on the arterial wall over a life span [34, 35] , diabetes mellitus has been shown to be associated with the generation of advanced glycation end-products (AGEs) that give raise to collagen crosslinking in the arterial medial layer and contributes to arterial stiffness [33] .
Analysis of the correlations of different multiscale entropy indices with demographic, anthropometric, hemodynamic, and serum biochemical parameters in non-diabetic subjects showed a significant negative association of MEI LS (RRI) with serum cholesterol level ( Table 3) . As large-scale entropy represents vascular regulatory function, the finding is consistent with that of a previous study demonstrating that the cellular and molecular mechanisms underlying hypercholesterolemia could contribute to an imbalance between phosphorylation and dephosphorylation of lipid and protein kinase, thereby modulating vascular endothelial L-arginine/nitric oxide synthetase (eNOS) and produce vascular endothelium dysfunction [36] . The significant negative correlations ofbody weightwith MCEI LS (RRI,CT) as well as wrist circumference with MEI LS (CT), MEI LS (RRI), and MCEI LS (RRI,CT) in upper middle-aged subjects with and without diabetes (Group 3 and Group 2) (Table 4) imply an association of increased anthropometric parameters with impaired vascular function in the aged subjects. The significant negative associations of MEI LS (RRI) with fasting blood sugar andglycated hemoglobin levels (Table 4) further highlight the adverse impact of diabetes on vascular endothelial function in both acute [37] and chronic [38] hyperglycemia, respectively.
When all subjects were taken into account (Table 5) , MEI SS (RRI), MEI LS (RRI), MCEI LS were all negatively associated with age in a highly significant manner (p < 0.005). The results underscore the sensitivity of MEI(RRI) in discerning age-related changes in both autonomic nervous control and function of the cardiovascular system, while MCEI seems sensitive to age-related alterations in cardiovascular function. On the other hand, negative associations of different multiscale entropy indices with anthropometric parameters (i.e., waist circumference, and body-mass index) in general reflect the sensitivity of these indices in identifying anthropometric anomalies contributing to adverse changes in cardiovascular function. In addition, the significant negative associations of MEI SS (RRI), MEI LS (RRI), and MCEI LS (RRI,CT) with the parameters of acute (i.e., fasting blood sugar level) and chronic (i.e., glycated hemoglobin concentration) blood sugar control indicate the sensitivity of MEI(RRI) in reflecting blood sugar-related changes in both autonomic nervous control and function of the cardiovascular system, whereas MEI(CT) and MCEI appear to be indicators of hyperglycemia-related vascular changes. To further elucidate the significance of these parameters, multivariate linear regression analysis demonstrated significant associations of MEI LS (RRI), and MCEI LS (RRI,CT) with age and glycated hemoglobin level (all p < 0.05) ( Table 6 ).
Like MEI LS (RRI), the successful differentiation between upper-middle aged subjects with (Group 3) and without (Group 2) diabetes using MCEI LS (RRI,CT) ( Table 2 ) highlights the ability of this index to discern diabetes-related changes in vascular regulatory function. In addition, MCEI(RRI,CT) was the only multiscale entropy index that successfully differentiated among the three groups at scale 4 in the present study ( Figure 3 ). This index was also found to be negatively related to anthropometric parameters (i.e., wrist circumference, body-mass index) and fasting blood sugar (Table 5) , underlining its association with metabolic syndrome.
There are several limitations of the present study. First, since the harvesting of PPG signals from the finger is prone to interference from body motion such as respiratory movement, detrending with EMD was performed before standardization of the two times series. Second, there were eight patients in Group 3 with established diagnosis of hypertension under medical control. Since those patients have different combinations of anti-hypertensives which also changed during different periods of treatment (e.g., from calcium channel blocker to angiotensin-converting-enzyme inhibitor), it was difficult to determine who should be excluded from the study. Therefore, the potential influence of anti-hypertensive agents on their spontaneous cardiac activity cannot be excluded.Third, although it has been reported that cross-sample entropy could avoid some potential problems related to XApEn [39] , cross-sample entropy analysis was not performed in the present study for comparison.
Conclusions
The present study demonstrated the successful application of multiscale cross-approximate entropy (MCAE) analysis in the study of two synchronized time series of different natures to yield additional information on complexity related to diabetes-associated vascular changes. Our findings showed that MCEI LS could serve as a novel non-invasive biomarker for discerning diabetes-related changes in the cardiovascular system, which is of clinical importance in preventive medicine. The results of the current study successfully identified the risk factors for cardiovascular diseases by comparing the nonlinear coupling behavior of two cardiovascular system-related synchronized time series of different natures. It is anticipated that the risk factors of diseases of other organ systems could be identified with this approach through the analysis ofnonlinear coupling of different synchronized physiological signals pertinent to different organ systems. 
